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FICACY ANDVOR THERAPEUTIC PARAMETER RECOMMENDATION
PSING INDIVIDUAL PATIENT BATA AND THERAPEUTIC BRAIN
NETWORE MAPS

CROSS-REFERENCE TQ RELATED APPLICATIONS)

{081} This application claims priority to U8, Provistonal Application Ne. 62/334 669
fited November 10, 2017, which & incorperated herein by reference, in its entirety, for
: : Y 3

Ay purpose

TECHNICAL FIELD

{8823} Examples described herein relate generally to newal therapy, and examgples of
predicting the efficacy andior parmmeters of beatmests, such as veurostimulation

freatment, are described.

BACKGROUND
{603] MNewrostimulation i gn emerging promusing therapy for neurological discases

mchiding eptlepsy, depression, Parkinson’s disease, and Alzheimer’s disease. However,
currently there s ne method to predivt the efficacy of the therapy before implawtation
fn addition, because neprological diseases vary among individeal pabents {eg
ghnormal brain regions that cguse seizure vary between epilepsy palients), repeated
neprostimulation parameter adjustments are needed for each Individuwal patienmt w0
wdentify hisv'her most effective stimulation setting. This long tedious parameter
adjustinent process has largely moreased the medical care cost and causes frustration
for both physician and patients. It has also reduced the overall efficacy of the

nearostimulation therapy because many negative cases are results of early ternunation

of the parameter adjustment.

et Examples of methods are desortbed herent Ay exanple method includes
obtatntng individual patient datg of 3 veural status of a patient, obiaining g therapentic

rain network response map of g treatruent, and predicting an efficacy of the freatmen
brain notwork response map of @ treatment, and predicting an efficacy of the treatment
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for the patient based on 8 comparison of the data of the newal status and the baain
netwaork response niag.

{B805] In some oxamples, predicting the eofficacy of the treatment mmy inchude
providing the individual patient data and the therapentic brain network responss map as
inpats 0 8 statistical prediction model for the treatment, and predicting the efficacy of

the treatment using the statistical prediction model.

605} In some oxamples, the staustical prediction model mayv inchude fegture
extraction technigues configured 10 exivact featares from the individenl patient dma

regarding neural status and the brain network response map.

{8671 In some exasmples, the featores may inchude sn overlap areg between the
mdrvidual patient data and the brain petwork response map.

j008] In some examples, the statistical prediction meodel way include convolution
kernels configured fo extract features fom the individual patient data of the neural
status and the therapentic brain network response map.

{809} In some examples, valpey 1w the convolution kemels are leamed during a
training of the statistical prediction model for the treamment.

R In somwe exsmples, metheds may include repeatedly multiplying each
convolution kernel with the individual patient data and the therapeutic brain network
response map, and storing results as poxels tn a plurality of feature maps.

foii In soms sxamples, the statistical prediction model may include 8 deep
conveolutinonal neural network comprises stacked convelution, rectified hinear onit, and
poohing lavers configured to extract further features frony the feanwe maps,

1812] In seme exanples, methods may iaclude predicting the efficacy based on the
further featares from the feature yaps.

{813} In some examples, methods may include predicting parameters for the treatment

using the statistical prediction madel

LIRS in some examples, the weatment includes vagus perve stimulation and the
nepral status may be @ seizare.

{8151 In some examples, the mdividual patient date of the newral status comprises data
of epileptiform spike or seizure network image indivative of brain regions in g seizure

generation and propagation and pathways between these regions.
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16l In some examples, obigining the fadividual patient data of the nowral stans
comprises using an electroencephalogram (EEGY or magnetoencephalogram {MEGH,
and obiaining the therapeutic brain network respouse map comprises using functiongl
magnetic resonance imaging (MRI}, posiron emission fomography (FET), andior
single-photon enussion computed tomoegraphy (SPECT).

{817} In some examples, oblaining the mdividual patient data of the newral stans
mcludes nsing group averaged spikes and sowrce localization, using spike ICA analysis
and source localization, using sevzure network analysis, or combinations thereof

{11 8] in some examples, obtaining the iudividual patient data incindes projecting data
onto g brain space, wWentifying brain reglons that are favelved in the neurad statug,
calculating pathways between selzurs brain regions, or coanbinations thereof

{819 in some examples, the therapeutic brawn network response map corresponds to &
brain response to the freatment using 8 certam set of parametars,

{281 Examples of systems are described heretn. An exanple systern may inchude at
least one processor, and compuater readable media encoded with structions that, when

executed by the at least one processor, cause the system to provide mmage data of a
newral status of ¢ patient and & therapeutic brain network response map 85 inputs 1o @
statistical prediction mode} for a treatment, and predict an efficacy of the treatment
using the statistical prediction model.

81 In some examples, the statistical pradiction mode!l may include convolution
kernels configured 1o extract features from the individual patient data of the neural
status and the therapeutic brain network response map.

1822} In some examples, values in the convolution kemnels ave learned during a
tratning of the statistical prediction model for the treatment,

[6231 In some examples, the instructions may further cause the system o vepeatedly
mlttiply each convolution kernel with the wndividual patient data and the therapeutic
brain network response map, and store results as pixels in a plurality of featurs maps.

{624 In sowe examples, the statistical prediction medel may clude & deep
convolational neural network comprises stacked convolution, rectified Imear, and pool
lavers configured to exiract further foatures frowm the foature maps.

{825] {n some examples, the mstractions may Ruther cause the system o predict the

gfficacy based on the further fogtures froen the feature maps.
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{8261 In some exgruples, the mstructions niay fucther Cause the system o predict
parameters for the reatment using the statistical prediction model

e Iy some examples, the treatment may nclude vagus perve stmodanion and the
asural status may be a serzurs.

6281 in some examples, data of the neural status commprises data of an epilepsy souree
tmage ndicative of a setzore onigin,

joie) In some oxamples, systems mav include an elecwoencephalograra {(EEG)
system conpled 1o the at least one processor or a magnetoencephalogram (MEG)
system coupled to the at least one processor and configured to provide the image data,
andd a functional magnetic resonance imaging (MR system coupled 1o the at least one

processor st configured to provide the therapeutic twan network map.

BRIEF DESCRIPTION OF THE DRAWINGS
1634 FiGr. 13 a schematic Bustiation of 4 system arranged o accordance with

xamples described horein
{831} FIG. 2 thuestrates a statistical prediction model process 200 in sccordance with
examples deseribed herein,
{6321 FRG. 3 illostrstes g statistical prediction madel process 300 m accordance wath

examples deseribed herein

{833] FIG, 4 Hustrates an image set 400 In accordance with examples desonibed
heram,

{8341 FIG. 5 5 a schemane dlustration of epileptiform spike or selzure network
analvaiy i accordance with examples deseribed heretn.

j835] FIG. ¢ illustrates a pixelwise featre extraction model for neurostimulation

stficacy prediction arranged in accordance with examples described herein.

DETAILED DESCRIPTION

o

j836] Certain detatls are set forth below to provide a sufficient understanding of
described embodiments. However, it will be clear to one skilled in the arnt that
embodiments may be practiced without these particalar detsils.  In some wnstances,

well-known brain noaging techmques and systems, ofrcuits, control signals, tming
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protocols, andior software aperations have not been shown 1w detadd i order o gvold

wnrecessarily obscuring the descrtbed smbodiments.

{37 Examples of systoms and mothods desevibed herein may predict the efficacy of
a treatment {e.g., neurostivastion, drugs, cell the gene therapy), which may aid in

avoiding nanecessary treatment {e.g., neurcstimulation mpidnt surgery}. Examples of
systems and methods deseribed heretn may predict the most effective treatment
parameters {e.g., stimolgtion pammeters) for each individus! patient before or afler
sargery 1o avold long tedions stimulation parameter adjustment procesa.

{138] Examples describad berein may utthize a statistical prediction model, which may
be based on brain source imaging andfor brain network avadysis, Brain source imaging,
such  as  smaging using sowvce  localized  elsctroencephalogram  (EEGY  and
magnetoencephalogram (MEG) may be stihzed instead of the scalp recorded eleciric
potential e series so that the recorded bravg activily can be estimated on or wside the
brain instead of on the scalp in some examples, Brain network anaglvsis way alse be
utihzed so that the brain regrons wvolved m the newrologieal disease and the pathways
between these regions can be estimated. In some examples, brain network response
maps induced by a treatment (e g, newostimulator) are also acgiired for the prediction,
which countamns infornwtion of the newostimulation mechanisms and can further
tmyprove the prediction accuracy. The therapeuatic brawn network response map can be
acquired by techaiques such as, but not limited o, whole brain mnaging technigques such
as the fanctional magnetic resonance imaging (IMRI), positron emission fomography
(PET), and/or single-photon amission compated tomography (SPECT)

1839} Examples described herein may provide efficacy andior parameter prediction
services.  (ne or more patient’s HEG recordings may be yecetved.  Epdeptiform
spike{s} andior seimre network(s) for the patients may be analyred and a statistics!
prediction mode] way be applied to predict a tregtment efficacy based on features that
compare the disease state bmages (e, epileptiform spikel(s) or seinwe network
tmage(s)) and representative IMRI brain network response maps for g therapy. The
predicted efficacy and suggested pararpeters may then be provided. With dus service
long newrostimulation parameter adjnstment processes for therapies can be climinated
andfor rveduced, success rate of therspy can be improved, and onbecessary

iplantations or other ierventions may be aveided.
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LB Examples described heretn may g0 bovond stuply predicting with epilepsy
types or spikes sources, rather, both BEG discase sfate image and MRI brain network
response maps may be atilized by the statistical predivtion model, where the disease
state image {e.g. spike andior seizure network maage{s)) may be indicative of the cause
andfor evolution of a patent disease status {e.g. a setzure}, and the MR] maps may be
indicative of the thevapeutic acivities induced by the therspy {eg., vagus perve
stimudation (VNS By comparing the two, how VNS affects the seizure generation
andfor propagation may be analyzed and the prediction accuwracy may be significantly
improved. By some examples, a deep newral network may be applied o avtonomously
lfearn optimal features from the disease state wnage (e.g. EEG spike(s) andfor sezure
network image(sh and the MR brain network response maps. While simpia features
sach as a pixebwise comparison between the EEG and IMRI maps can be wtilized,
weitghting brain regions differently in HEG and IMRI maps may also be otilized fur
gecurate prediction. DNN offers an opportunity o extract features autonomously,
which may be more opiimal than manually designed featiwes. In some examples, only
chnical routine status data {e.g., epilepsy EEG z‘esc:rdimgs} mayv be needed from the
patients for the therapy {e.g, VNS efficacy pridiction, which may save the patients
from additional examinations. Generally, many patisnts withowt dramatie brain damage
may share stnular bramn network response to therapy and the therapeutic bram network
response maps can also be fixed i the model.
jo41] Examples described herein may wtilize comparisons of patient brain status data
and braw petwork maps of treatments to predict efficacy of a treatment andéor pradict
parsmeters for use in the teatment of a neurological condition. In some examples,
statistical prediction models are used to perform the companison andfor prediction. The
comparizons and statistical prediction models desenbed herein may be implementad in
hardware, software, or combingtions thereot For example, software may be used o
implement a comparison andior a statistical prediction model. The software may be
programmed on one or wove computing systems. For example, 08¢ 0F more processors
may be coupled o computer readable media, which may encode execotable mstroctions
for one or more statistical prediction models for treatments.
{43} Frgure 1 i3 a schematic ilfustration of a system arranged iy accordance with

gxagmples described heretn, The svstem 100 mcludes ingdividual patiomt datg 102,
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therapeutic brain network wap 104, computing systom 108, processor{s) 10§,
executable insfructions for statistical prediction mode! for teatment 110, memory 112,
display 114, network imerface{s) 116, and trenpment device(s) 118, Additional, fewer,
andfor other components may be used n other examples.

0431 Examples described herein may wilize data of a patient's nenmal status {e.g.,
image data relating 1o a neprological event), such as imdividual patient data 102 of
Figure 1. Individoal paticnt datg relating t0 any of a variety of neural events may be
used, nchuding, bot not Hnuted to, a setaure {e.g., an epileptic seizure), Parkipson's
condition, Alzheimer's condition, or depression. For exanple, the individual patient
data may be associated with an epileptiform spike sopree image fHustrating the origin
of a seizare andior 3 selaws network mage iHlustrating brain regions mvabved in
seizure and pathways between these regions {e.g., sequence of the seizure gctivity). The
uxdividual patient data may be obisined, for woample, using sowrce localization andior
brain aetwork analvsis of slectroencephalogranm (BEG) andfor magnetosncephalogram
{MEGY. Generally, EEG refers to a fanctional nearounaging method that detects bram
electrical activities using non-invasive or invasive electrodes. Generally, MEG refers to
a functions! newonnaging method that measures elecromagnetic field changes aronnd
the brain to map biain activities. Source localization images generally refer to the use
of multiple brain electrical signals measured outside of bram to identify the elecirical
activity on and/or mside the ram. Heaimn network analysis generally refers 1o the vse of
mathematical and statistical alporithms o wdentifv brain regions mvolved o the brain
electrical activity {snch as a sefawre) and the pathways among these regions {such as the

sequence of selznre activity),

jodd] The mdnadual patient dats may correspond to 8 -dimensional time series, 2-
dimensional or 3-dimensicnal tnage. In some examples, one set of individual patient

data 102 may be used, e.g., corresponding 1 an image of ¢ brain undergoing 8 neurgl
svert, In some examples, multiple sets of individual patient data 102 may be used, e.g.,
corresponding o nwultiple images of the brain undergoing several neumal events,
Generally, the individoal patient data 102 used may be from the patient to be treated.
j045) An example of generating wmdividual patient data 102 using EEG epileptifonm
spikes will now be desenibed with reference to Figure 1 and FPigwe S Flgwe S 3 2

schematic tHustration of egpileptiform spike or seizure ngtwork analysis m gecordance
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with examples described hereine The process and data shown m Figure 5 way be
cotlected andior muanipulated by the system of Figwe 1 in some examples.  BEG
generally refers to @ method that s wsed 1o record brain clectrical activities from the
scalp. It 1s may be used in epilepsy dlagnosis, for example, to detect eptleptiforny spikes
and seizures. During an eptlepsy EEG monitormg session, brain signals of an epilepsy
patient may be continuously monitored using mudiiple electrodes. Figure § includes g
schematie llostration of a patient fited with clectrodes for a mulii-chaonel EEG
recording, EEG 501, Generally any mauber or placement of electrodes wiay be used.
The EEG recording may generate data, such as eptleptiform spikes 302 andfor seizure
data 511 shown m FPlgmre 5. Other or different EEG dats may also be genemted in
some examples. Abnormal epileptiform spikes 302 may be marked, for example, by
professional BEG readers. These epileptifonm spikes 502 may be related to the seizure
generation and the sowce of these spikes may indicate abnormal braws regions. In the
gpilepsy EEG analvsis, a scalp potential map at the peak {or other locations) of an
epileptiform spike may be frst computed. Then, based on an wnverse electrical brain
signal propagation model, the sowrce of the spike on or inude the brain can be
wentified. Muliple EEG source localizaenion algorithms may be onsed, such as linear
distributed alporithms incleding miniomm porm least squares {(MNMNLS) dynamic
statistical  parametric mapping  {(dSPM},  low-resolotion  bramn  electromagnetic
tomography  {(LORETA), standardized LORETA (GLORETA}Y exact LORETA
{cLORETA), ete., and dipole source localization algorithms such s non-linear least
square, beamformung, multiple signad classification (MUSIC), eteu
846} in one example, a raw EEG recording may be first filtered with a bandpass filte

{e.g., a 0.1 10 70 Hz bandpass filter) and a notch Hlter {e.g. a 60 Hz notch filter) to
remove unwanted soise. The sunuhtancous ERG recovding may then be amlyead to
help wentify cardiac srtifacs in the BEG recordings. The cardige avtifacts may then be
ehiminated and/or reduced using alporithms such as the Signal-Space Projeciion (S5P)
or Independent Component Aualysis (I0A), Afler the preprocessing, epileptiform
spikes may be wWentified manvally by a professional EEG reader or automatically using
software {o.g. Persyst P13, BESA opilepsy) from the EEG recording. In seme
examples, a professional EEG reader may then review and verify the software detected

spike selection,
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jad7 Two ditferent types of spike sowce localization analyses may be applied to the
selected spikes for each patient. Fov the first analysis, mndividual spikes are categorized
by the BEG chamel that bag the largest swphitude at the spike pesk, as shown by
operation 303 in Figare 5. For example, if certain spike shows the highest amplitude at
T3 channel, # is marked g5 ¢ T3 spike. Other categonzation methods may additionally
or msiead be used.  Spikes within each category may then be averaged, to provide
averaged spikes 304, Scurce localization analysis 505 may be performed for the
averaged spikes 304, One or nmuudtiple averaged spike sources 306 can then be destified
and iy be used ax all or pavt of individual patient data 102, The spike sowrces
generally refer to an wdentification of one or more regions of g brain andfor brain
netwerk which may contribute © the cause of ong or more sgizures. The executable
mstructions 1O of Figwe 1 may include executable imstructions for perfonming
categorization {e.g., operation S03 of Figwe 3) andior sowve localization {eg,
pperation 305 of Figure 5),

048] Instead of or in addition to averaging spikes, in a second analysiy, independent

to wlentity independent spike sources. ICA &8

3

component analvsis {(ICA)Y mayv be gpphe
shown as opergtion 307 o Figwee 5. Spikes identified for cach subject mav be first
anatyzed wsing spatial IOA. Multiple ICA components 588 may inclode spatial and
teroporal sub-components which may be identibied, where cach may represemt a
possible independent spike electrical potential map. The I0A weight across time may
then be visuahized (e.g., displaved, such as by using display 114 of Figure 1) o verify if
the corresponding HCA map is originated from spike or noise. For example, ICA
component § and | may show a high peak during the spike discharge for mest of the
spike epochs, winle ICA component 27s weight changing across time shows 8 nowy
patter. Therefore, only ICA component O and | are independent spike sources, while

~

noise. After the ICA gmalysis, KOA spatial waps may thea be fod

.

ICA component 2 18
inte the source localization algorithm, shown as operation 509 I Figure 5, to identify
the comesponding spike notwork $10. Such spike network 5310 data may be used as all
or part of individual patient data 102 of Figure 1. The execmtable instructions 118 of

Figure | may inchde executsble instructions for performing I0A analysis {e.g

}'Q

operation 307 of Figore §) andior sowrce localization and spike setwork analyss {e.g,

operation 310 of Flgure 53,



WO 2019/094836 PCT/US2018/060186

io

48] In some examples, allernatively or additionally, setzure network analysis may
be used for generating ndividual patient data using BEG, such as mdividual patient
data 102 of Fapure L EEG recordings Bom the mplii-chanoel EEG recording 301 are
shown as seizure BEG 51 of Figure 5. One or multiple episodes of seizwre in the
setzure EEG 511 may be annotated either manually andior by a professional EEG
reader or antomatically by software (e.g. Parsyst P13, BESA epilepsy). Episode(s) of
selzure within a long seizure EEG may be exiracted and preprocessed analogous to that
shown and described with respect to methods wang ICAs, e.g, bandpass filtering,
aoteh filtermg, noise and/or artifact suppression may be used. The preprocessed setmwre
EEG 511 mayv be source focalized onto the brain gsing source Iocalization methods
analogous o those described with respeet to methods vsing group averages andior
As. A sequence of source localized seizure data 512 1o the brain space can be
provided.  The sowrce localized sezore data may inclode an association, over time,
between particular brain regions and brain activity (e.g., seizure getivity)

LS H Sewswre network analysiy may be performed with one or multiple of the sowrce
focalized seizure data 512 (e.g, one or more collections of data representing all or
portions of a brain at g particular time). Dauring the analysis, brain vegions that the
seizure started at and propagsted to may be wdentified. This wdentification algorithm
may first caleulate the varlance aoress the time for brain voxels in the source localized
space, then search for local variance maxinnums across brain voxels o provide g
variance map 513, The vartance map 513 may provide the bram signal varignce at
particular brain locations andfor regrons. Brain regions mvolved during the sevawe, e.g,
setzure brain regions 514 can be comnputed as regions that are local maxinwms w the
vartance map 5130 For example, regions having a greatet variance across the
neighbormg brain vegions may be determined to be the centor of the seimwe bram
TEQIONS,

{351 {n 2 more generalized scenario, sowrce localized seizure episodes may first be
segmented into overlapping epochs {overlapping window analysis), and the same
varance local maximum caleulation can be performed o identify brain regions
myvelved during each epochs of the setzure. Brain regions that are consistently mvolved
acrosy all setrure epochs can then be wWentified by averaging or statisbical testing across

all brain regtons estimated from the segmented seizure epochs,
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{832} EEG source locghized tme-series data for each bram region identified gy &

seqznre bram region may be extracted.  For example, the tine-sertes daty of seizure
brawn regions 515 of Figwee 3 may be extracted by extracting data fom the source
focalized setzore data 312 which corresponds o selzure brain regions 314,
Accordingly, the time-series data of seizure bramn regions 515 may correspond 1o EEG
data associated with regions of the brain active during setrure. Patlieays between these
brain regions may be analveed together with these time-series, For example, a
connectivity analysis may be used to wWeotify one or more setzore pathways, eg.,
seizure pathway 316, which may indicate vonnections between brain regions which
may be wvolved in producing, sustaining, andior ending s seizure event. Seizore
pathway analyveis methods which mayv be used mclude correlation. coberence,
imaginary coherence, phase locking value, auvto-aggressive modeling, andior partial
divected coberence. Other analysis methods may also be ased. The executable
instructions 110 of Figure | may include executable instructions for performing source
locabizaton {(e.g., providing sowvce localized setmre data 512 of Figure S} andior
variance calculation, maximum search, time-series extraction, andfor connectivity
analysis {e g, providing varience map 13 of Figwee 3, providing seizure bram regions
Si4 of Figwre 5, providing time-sertes of selzure bram regions 3138 of Figure 5, andior
providing setzwre pathway 516 of Pigure 5) Seizure brain regions 514, sewzure
pathway 516, time-series of seizwre brain vegions 515, andfor other data shown or
described with reference 1o Figure 5 may be used as all or pant of individual patiem
data 102 of Figwre 1

{8531 Other metrics may be used additienally to or tnstead of spike source localization
and serrure network avalysis resudts inchuade. Other waetrics include, but are not linnted
to spike propagation network map, ICA-based seizure source localization map, which
may also or instead be nsed as all or part of mdividoad patient data 102,

8544 Examples described hersin may uitlize one or more brain network response
maps, such as thergpeutic brain network map 104 of Figure 1, Brain network response
maps described herein may refer 1o image data of brain responses to a treatment
utilizing a certatn set of reatment parameters. The brain network response maps, such
as therapentic brain sotwork map 104, may be obtained ostsg functional wagoetic

resonance imaging (MR, posttron emission tomography (FET), andfor single-photon
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enyssion computed tomography (SPECT). IMRI genorally refors to & method that
mdivectly measures brain activities by using bloed oxyegen level changes. The
thorapentic brain network response maps way be 2-dimensional or 3-dinensional, and
in some examples nuav be aligned to the mdividual patient data 102 (g, aligned © an
epilepsy spike or seizure network tmage). Any nmumber of therapeutic brain network
maps may be nsed. Generally, muluple beatn network maps way be nsed which
correspond 1o different sets of parameters for the tregtment {e.2., one set of parameters
may be psed o generate one brain network map, and asother set of pavaweters may be
used 1o generate another bram network mapl In some exaniples, ong o move of the
brain network maps, such as therapeutic brain network map 104 may be from the

patient (8., & same patient ay associated with the individeal patient data 102}

However, i some examples, one or more of the bram network maps may be wholly

amblor parpially denived from data fromy other patients other than the patient baing
treated {e.g., other than the patient from whose brain activity the individual patient data
162 15 denved). In some examples, ove or more brain network maps represent an
average or other combination of maps from a group of patients or maps measured for g
specific patient. Por example, one of the brain network maps may be a beain network
nap that 1s a combination (e g. average) of mudtiple brain network maps from different
patients nsing same therapentic parameters {(e.g., frequency, amplitude, duration). In
some examples utilizing newrostimunlation therapy, if a patient has not been implanted,
then brain network maps or combinations of brain network maps from other patienis
may be used. 1Y a patieny has been nuplanted, brain petwork maps associated with the
patient may be used, or may be used tn combination with other brain network maps.
The brain network response maps, sach as therapeutic bram petwork wap 104,
generally tlustrate areas of braina affected by a treatment..

HRRH Anexarnple of IMRY psed ro obtiin a therapetic biain network map may now
be described. Generally, functional magnetic resonance imaging is a method that
engbles whole bratn getivity mowitoring using blood oxygen level changes. BRI may
be wtthzed berein record the therapentic bratn activities mduced by one or more
therapies, such g5 pourostimnulations (o.g. vagus norve stimulation), In g pationt with g

newrostivaulaton, the newostinudator may be programimed to ose of the parameter

settings under-investigation gnd the pationt may then be scanned using an MRI scanner,
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During the inage pro-processing, MR s motion corrected and aligned 1o g standard

temiplate brain. Brain activities that are related 1o the designed therapy {eg,

pod

aewrestivnulation) will then be staistically analyzed wsing the general hoewr maoded
{GLM} or other squivalent PMRI analvsis method. Multiple subjects may be scanned
and the average response of the targeting populstion group may be concluded and may
be used as one or more of the brain network maps descnibed heretn, such as therapeutic
brain aetwork map 104

{8561 iy addition 1o or instead of an averaged MR map, other potential metrics may
be used to quantify the therapeutic Function of the therapy (g.g., neurostimulation). For

example, these metrics inchede but not Hmited © quantifving the freguency of how

often sach region becomes active i MR during the newostnmslation, and the group &
tost statistics map of the individoal MR maps.

{8587} Brain petwork maps may generally be provided relating to any of & muyber of
treatments including, but not hmited to, neuyrostimulation therapies (e.g., vagus nerve
stimplation {(VNS), respomsive  newostimudation  {RNS)Y,  franseranial  magnetic
stunulation {TMS), and deep brain stimulation (DBS)), phanuaceutical therapies,
andior talk or experienial therapies, Generally, newrostinnidation may refer to thewpy
for treating newological and psychiatric diseases. Electrical stimulation may be ptilized
in newrostimulation therapy to directly or indirectly activate or inhibst bramn networks.
In some sxamples, brain network maps may be provided associated with a particnlar set
of parameters of the stimulation {(e.g for & centan stinmulation frequency and amplitude
for newrostinndation, or for a certain dosage and frequency of pharmaceutical therapy).
Vagus nerve stinmlation {(VNS) generslly refers 1o one tvpe of neurostirauiation. In
VNS, a stimulator s implanted under shin and sends elecwrical paulses through the left
vagus nerve. VNS may be used for drog resistant epalepsy, depression, and many othey
aewrclogical and psvoluatric discases, While some exavaples way be described herein
with reference to VNS, it is to be understood other therapies may additionally or
mnstead be used.

[O58] The wdividoal patient data 102 andifor therapeutic brain network map 104 may
be stored in a memory accessible to the computing svstem 106 andfor transmitted to the
computing system 106 (e, using wived or wireless communication). The computing

systemn 106 may be configured to predict an efficacy of a reatment andfor parameters
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for nise in g treatment basad on 8 comparison andfor statistical prediction madel for the
reatment.

jas9 Examples desoribed herem may utilize computing systems, winch  may
generally mchude hacdware andfor software for implementing comparisons andfor
statistical pradiction models for teatments. For example, the computing system 106
may nchede one or more processor(s) 108, The processor{s) 108 may be moplementad,
for example, using one or more central processing units {UPUs), graphical processing
units (GPUs), apphication-specific muegrated circnits (ASICs), Held programmable gate
arravs {FPOA) or other processor chrowity. The processor(s) 108 may be in
compunication with memory 112, The memory 112 mav generally be implemented by
any computer readable media {e g, readeonly memory (ROM), random access memory
{RAM), Hash, solid state drive, efe). While a single memory 112 15 shown, any nuvaber
may be ased, and they may be integrated with the processor{s) 108 i a single
computing system 106 andfor located withm another computing system and in
communication with processor{sy HIB.

foe] The memory 112 may be encoded with executable instructions for a comparison
of the mdividual patiemt date 102 with the therapeutic bramn network map 104
Examples of comparisons described herem melude evaluating an overlap between the
brain sotivily evidenced by the individaal patient data 102 and the areas of the brain
affected by the treatment at the parametsrs used fo generate the therapentic brain
network map 104, Geperally, for many treatments, overlap of the arcas of the brain
affected as shown i the individeal patient data 102 and areas of the bramn accessed by
reatment g8 shown in thergpeutic brain netwerk map 104, may indicate that the
freatment at the pavameters used for therapeutic braim petwork map 104 may be
effective in freating the patient having the individual patient data 102

{61} I some examples, the execytable mstroctions for comparison may inchude
executable instructions for stanstical prediction model for teatment 10 In some
exgrples, the executable nstructions for statistical prediction model for reatment 110
mclhudes instractions for implementing deep antificial nearal network with convolution
kernels configured o extract foagtures from image data {e.g. Individual patient data 102}

of the newal statos and one or more brain network response maps {e.g., therapeutic
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brain nepwork map 1041 Valees i the convolution kemels may in some sxamples be
arned during a tainiag of the statistical prediction moded for the treatment,

{62} The excontgble mstroctions for statistical prediction maode! for treatment 110
may include mstuctions for repeatedly multiplving each convolution kernel with the
individual patient image data and the therapeutic brain nebwork response map, and
storipg results as pixels moa phoality of featore maps. The statistical prediction model
may inchude a deep convolutional neural netwerk comprises stacked convolution,
rectified lnear, and pooling lavers configored to extract fwther features from the
ature maps. The execntable instiuctions for statistical prediction mode! for treatment
110 may mclude instractions for predicting the efficacy of the treatment based on the
further features from the Featurs maps.

j863] In some examples, the execniable mstructions for statistical prediction model
for treatment 110 may include instructions for predicting parameters for the freatment
using the statistical prediction model. For example, therapeuwtic brain network maps
mpat nto computing syatern 106 mav melude bram network maps relevant to use of the
greatment at different parameters. The statistical prediction model may accordingly
recommend parsmeters for the reatment {e.g., smplitude, frequency, duration, dosage,
ete.}. The outpot of the computing svstam operating in accordance with the executable
instructions for statistical prediction model for treatment 110 may be » treatment
efficacy andfor recommended parameters. For example, where the statistical prediction
model predicts the treatiment will be effective, recommended parameaters may be putput,
i the statistical prediction model predicts the treatment will not be effective, then "aot
gffective” may be reported. Note that wmultiple individoal patients mav be evaluated
psing the statistical prediction wmodel In this mamner, computing system 108 may
facilitate faster and more acourate predictions of treatment efficacy and parameters
settings across patient populations then possible using previous systews or with
unaided physician evaluation of patient records.

864} In some examples, the system 100 may wclade display 114, which may be i
comnnpncation with computing system 106 {eg., using 8 wired andfor wireless
connection), or the display 114 may be ttegrated with the computing system 106, The
display 114 may display a predicied efficacy of 8 treatment andfor recommended

pargmeters for g trestment based on the compax‘ésaﬂ andior statistical model
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taplomented by the compuating system 106 Any number or variety of displays may be
present, meluding one or move LED, LUD plasma, or other display devices.,

j85S] In some examples, the system 100 way welode neswork imperface(sy 11o, The
astwork interface(s) 116 may provide a communication interface 10 any network {e.g.,
LAN, WAN, Imtemet), The network imterface(s) 110 may be tmplemented using a
wired andior wireless interface {eg, WiFL BlueTooth, HDMI USB, eic). The
network tnterface({s} 116 may communicate data regarding the predicted efficacy of g
treatrent andéor recommended parameters for a treatment based on the comparison
andfor statistical moded taplemented by the computing system 106

866l In some examples, the system 100 may include one or more treatment device(s)
118, The weatment devicefs) 11& may be implomenied wsing, for example, systems
capable of neurostimulation {e.g., vagns nerve stimulation systems). The treatment
device(sy 118 wiay be unplewented using, for example, systems capable of
administering pharmaceutical treatment {g.g., injection devices, pill dispensers, et}
The treatment device{s) 118 may be programmed or otherwise configured {o unplement
a treatment andior ntilize treatment parameters recommended by the computing system
106, The trostment devica(s) 1R wmay communicate with computing system 106 i
some examples using network interface{s) 116,

{8671 Figore 2 illustrates a statistical prediction model process 200 1 accordance with
examples described herein. The statistical prediction model process 200 mnclndes
mdividual patient data 207, therapeutic brain network map 204, therapentic brain
aetwork map 206, therapentic brain network map 208, festure map 210, and
convolation, rectified hinear wat, snd pooling lavers 212, The executable iustroctions
for stanstical predichon model for weatment 110 of Pigare T may be used i some
examples to implement the statistical pradiction model process 200 shown in Figure 2

{1681 As shown, mdividual patient data 202 {which way be plemented by asdior
used o implement individual patient data 102 of Figure 1) is provided as an mput, As
discussed herem, the mdividual patient data may generally be related to an hoage of s
patient bramm statos. The mdividoal patient dats may, for example, ustrate a brain
region where seizure origingtes from, regions where setzure propagates or other neural
event. The individeal patient data 202 may be data relating 0 an EEG spike oy setaure

network imgge. A number of brain network maps may glso be provided s inpuat, such
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gs therapeutic brain network map 304, therapoutic brain netwosk map 206, and
therapeutic brain network map 208 of Figure 2. The brain network maps of Figure 2
may be used o imploment andfor may be implamented by therapeutic bram network
map 104 of Figure 1 m some examples. The brain network maps may each represent
the effect of a particular therapy (o4, neurostimalation) at different parameter values
{e.g., frequency, amphitude, dwation). The individual patient data 202 and therapeutic
brain network maps mav be compared, For example, a group of convolution kernels
may be used o compare the mdividual patient dats 202 and therapentie brain network
maps, resulting in foature map 210 Parameters of the kemels may be leamed during
ratning of the statistieal prediction modell The convolution kemels are used to
aptomatically extract featwres batween the individual patient data (e.g., epilepay sowrce
image} and the therapeutic brain network response maps. Each convolution kernel may
be vepeatedly mulnplied with the woput data anddor thevapeutic brain network maps
compare the two aad the results may be stored as pixels in multiple feature maps, such
as feature map 210

LS Next, a deep convolutional neural network may be used to further analyze the

generalby

& el

comparison {e.g., further anslvee feature map 210} Deep newral networks
refer to g type of artificial neural network statistical model that may have fen W
hondreds of lavers for highly complex artificial intelligent tasks. In other examples,
other nwodels may be used. The deep convolutional neural network may uiilize multiple
convelution blocks, with each convolution block mchuding nwultiple possible operations
sach as multi-kernel convolution, rectified linear untt, and (maxfaverage) pooling, as
shown by convolution, RLU, and pooling layers 212, The order of theses lavers does
not pecessartly need to follow this order. These layvers are designed to forther extract
feanres from feature maps previously generated. Multiple convolution blocks may be
utitized pniil g Hnal convolution block ~ "convolution block PY of Figure 2 - 15 obtained.
{70} Figare 3 illustrates a statistical prediction model process 300 in accordance with
exgraples deseribed horein, Figure 3 may receive an input from the process of FPigure 2
~e.g., from a final convohstion block of a newral network. Figure 3 flustrates Hattened
data 302, fully comnected layer 304, rectified hnesr unit 305, and prediction score(s)
306, There may be moltipte blocks of the fully connected and rectified Hnear wnit lavers

304 and 305, The executable instructions for statistical prediction model for tregtment
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11 may be ased 1o implement sl or portions of the stanstics! prediction model process

300 of Figure X
{71 The flattencd data 302 may be generated by Hattening an output of the fingl
anvolution block of Figure 2 The fully connected laver 304 may be used to shrink a
number of featores 1o the nunber of prediction categories. For example, sach troatmment
may have a set of different posaible parameter values for use. Hach parameter set may
represent one prediction category, plus there may be a category for overall efficacy of

the treatment. As shows in Figure 3, parameter sets 1-K may be evaluated.

{72 A softmax laver may be applied to noroalize the output of the fully comected
faver 0 {0,1] A score may be calonlated for each parmeter set @ provide prediction

scoweds} 306, A pavameter set that meests certain oritenia {8.g., highast} may be taken ax
the cutput of the prediction.

{73} Figure 4 ilostrates an image set 400 in sccordance with examples described
heretn. Graphically, an image 302 assocated with individual patient data s shown. The
image 402 may, for example, be an EEG spike or setzvre network fmage, which may
depict a seizure origin and s propagated brain regions, Therapeutic brain network map
having a partzcuizn treatment at paiiiuihr parameter levels. Convolntion of these data
sets roay result in featnre maps - feature map 408 and feature map 419, for example.
The feature maps include information regarding & comparison of the individual patient
data with therapeutic brain network maps.

{874] fn some examples, other machine leaming fechmiques {o.g, nos-deep neoral
aetwork model) may alse or wstead be used o form a statstical prediction model
predif;‘-t the efficacy and optimal parameters for therapies. Different from examples of

e deep neural network model, features may be mannally designed | some examples.
Example features will be described that can be apphied 1o predict the efficacy and
optimal  therapeutic parameters for the nowostimulation therapy, although other
features may glso be used. These features could alse be learned in the deep neural
network model when # compares the IMRY and EEG noages.

J075) One such feature is the overlap area between the EEG spike or stizure network
unage and the MBI activation mages. Figwre 6 i a schemabe tlostration of bram

regions arranged i gecordance with examples described herein. The seizure network
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triage 1 shown are regons 601, These regions, may for example, be seizure brain
regions 314 of Figwre 5 andfor seizure pathway 310 The 2MRI activation unage is
showt are regions 6030 The regrons $02 gre those which are activited 1 g therapoutic
brain aetwork map described herein {which regions may of mav not participate in the
patient’s sexzure regions wlentifed heremn). The overlap ares, shown are regions 603 in
Figure 6, between the BEG spike or setzure petwork unage 601 {e.g, indbvidual patrent
data 102} and the BRI activarion fmage 602 {g.g., therapeutic bram network map 104)
can be wiilized as a feature vector 604 1 a statistica] prediction model o determine
whether the stimulater works better with a particular pavameter {g.g., 20 or 3¢ Hz
stimulation). For example, there 15 an grea on the opper left of Figure 6, where the
setsure network 601 s fully containgd within an active region of the IMRI activation
mmages 602, Accordingly, that region may be indicated as 100%. There ix an area on
the lower right shere there 18 a 0% overlap between the sewzare network and the fMRI
aotivation iages. Thers is a further ares on the lower left where there is 8 0% overlap
between the sezare network 601 and the IMRI activation images.  Accordingly, the
feature vector 604 mav be given as [100%, 40%., 0% In one example, if the EEG
spike or seizwre network umage bas g larger overdap with the 20 He fMRI activation
image than the 30 He, the 20 He newestimulation oy be predicted as preferred than
the 30 He stimulation for this patient,

{876} In general, the overlap area feanwe can be caloulated between any individusl
pationt data 102 and the therapeutic brain network map 104,

77 From the foregoing # will be appreciated that, althongh specific embodiments
have been desceribed herein for purposes of Hlustration, various wedificgtions may be

made while remaining with the scope of the claimed echnology.



20

CLAIMS

1. A method comprising:

obtaining individual patient data of a neural status of a patient;

obtaining a therapeutic brain network response map of a treatment; and

predicting an efficacy of the treatment for the patient based on a comparison of the
data of the neural status and the brain network response map, wherein predicting the efficacy
of the treatment comprises providing the individual patient data and the therapeutic brain
network response map as inputs to a statistical prediction model for the treatment and
predicting the efficacy of the treatment using the statistical prediction model,

wherein the statistical prediction model comprises convolution kernels configured to
extract features from the individual patient data of the neural status and the therapeutic brain

network response map.

2. The method of claim 1, wherein the features comprise an overlap area

between the individual patient data and the brain network response map.

3. The method of claim 1, wherein values in the convolution kernels are learned

during a training of the statistical prediction model for the treatment.

4. The method of claim 1, further comprising repeatedly multiplying each
convolution kernel with the individual patient data and the therapeutic brain network

response map, and storing results as pixels in a plurality of feature maps.

5. The method of claim 4, wherein the statistical prediction model further comprises
a deep convolutional neural network comprises stacked convolution, rectified linear unit,

and pooling layers configured to extract further features from the feature maps.

6. The method of claim 5, further comprising predicting the efficacy based on the

further features from the feature maps.
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7. The method of claim 1, further comprising predicting parameters for the treatment

using the statistical prediction model.

8. The method of claim 1, wherein the treatment comprises vagus nerve stimulation

and the neural status comprises a seizure.

9. The method of claim 8, wherein the individual patient data of the neural status
comprises data of epileptiform spike or seizure network image indicative of brain regions in

a seizure generation and propagation and pathways between these regions.

10. The method of claim 1, wherein obtaining the individual patient data of the neural
status comprises using an electroencephalogram (EEG) or magnetoencephalogram (MEG),
and wherein obtaining the therapeutic brain network response map comprises using
functional magnetic resonance imaging (fMRI), positron emission tomography (PET),

and/or single-photon emission computed tomography (SPECT).

11. The method of claim 1, wherein obtaining the individual patient data of the
neural status comprises using group averaged spikes and source localization, using spike
ICA analysis and source localization, using seizure network analysis, or combinations

thereof.

12. The method of claim 11, wherein obtaining the individual patient data
comprises projecting data onto a brain space, identifying brain regions that are involved in
the neural status, calculating pathways between seizure brain regions, or combinations

thereof.

13. The method of claim 1, wherein the therapeutic brain network response map

corresponds to a brain response to the treatment using a certain set of parameters.

14. A system comprising:

at least one processor; and
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computer readable media encoded with instructions that, when executed by the at
least one processor, cause the system to:

provide image data of a neural status of a patient and a therapeutic brain network
response map as inputs to a statistical prediction model for a treatment; and

predict an efficacy of the treatment using the statistical prediction model, wherein
the statistical prediction model comprises convolution kernels configured to extract features
from the individual patient data of the neural status and the therapeutic brain network

response map.

15. The system of claim 14, wherein values in the convolution kernels are learned

during a training of the statistical prediction model for the treatment.

16. The system of claim 14, wherein the instructions further cause the system to
repeatedly multiply each convolution kernel with the individual patient data and the
therapeutic brain network response map, and store results as pixels in a plurality of feature

maps.

17. The system of claim 16, wherein the statistical prediction model further
comprises a deep convolutional neural network comprises stacked convolution, rectified

linear, and pool layers configured to extract further features from the feature maps.

18. The system of claim 17, wherein the instructions further cause the system to

predict the efficacy based on the further features from the feature maps.

19. The system of claim 14, wherein the instructions further cause the system to

predict parameters for the treatment using the statistical prediction model.

20. The system of claim 14, wherein the treatment comprises vagus nerve stimulation

and the neural status comprises a seizure.
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21. The system of claim 20, wherein the data of the neural status comprises data of

an epilepsy source image indicative of a seizure origin.

22. The system of claim 14, further comprising an electroencephalogram (EEG)
system coupled to the at least one processor or a magnetoencephalogram (MEG) system
coupled to the at least one processor and configured to provide the image data, and a
functional magnetic resonance imaging (fMRI) system coupled to the at least one processor

and configured to provide the therapeutic brain network map.



